Health Insurance (HI) brings about welfare improvement through improved health status and maintenance of non-medical consumption by ensuring that medical expenditures are smoothened over time. Notwithstanding, available data show that less than 4% of the Nigerian households are covered by national health insurance scheme.This implies weak ability to smoothen consumption over time whenever there is ailment. This paper aims at studying and evaluating the spillover effect of health insurance on non-medical consumption in Ekiti state. A propensity score matching estimation model was adopted to 1500 households across Ekiti state. This is the mean effect of an intervention through the mean difference in the outcomes of the treated and the control groups. The mean expenditure on non-medical consumption was N6947.03. In addition to that, the sign of the coefficient of the effect of health insurance on non-medical consumption is positive, showing that health insurance increases expenditure of insured households on non-medical consumption. Having recognized that insured households can be financially protected against unforeseen medical bill, federal government should encourage the expansion of health insurance by encouraging state government, local government and private sector to enroll their employees in health insurance programme. The paper concludes that health insurance is consumption increasing and therefore be expended to more people at local government areas to further redistribute income from the healthy to the sick.
Introduction
The importance of insurance is embedded in its inherent purpose to offset financial risk in the face of adverse health outcomes [24] . With health insurance reducing households' exposure to risk, an insured households need not to save for precautionary motive, thus, the effect may differ in how they reallocate the newly additional funds. Health insurance is a way of paying for health care which protects a household from paying the full cost of medical care expenses when sick or injured. In other words, it is a system of advance financing of health expenditure through contributions, premiums or taxes paid into a common pool to pay for all or part of health services specified by a policy or plan. [12] Other possible impact of health insurance is evidenced in the relevant literature. [1, 24, 28] Health insurance directly affects households by enhancing their access to medical care goods consumption regardless of the income and age group. Health insurance also brings about welfare improvement through improved health status and maintenance of non-health consumption goods by ensuring that health expenditure are smoothed over time and that there is no significant decline in household labour supply. [27] Other impacts of health insurance include economic benefits to cover the insured households from unforeseen medical expenditures, allowing individuals to access necessary medical treatment without suffering potentially crippling financial consequences. In addition, Insured households experience lower financial strain resulting from medical expenses, lower out-of-pocket expenditures, lower debt on medical bills, and lower rates of refused medical treatment because of medical debt than individuals who were not insured. [7] Through health insurance, consumption is more stable and higher, thereby positively affecting the health of all household members. [14] Consumption of medical care can be catastrophic when its payment exceeds 40% non-food expenditure and leads the household to sacrifice consumption of other items that are necessary for their well-being such as shelter or education. For the households living close to the poverty line, even low levels of expenditure on health care may be sufficient to push them into poverty. This is because most households in such conditions are without full health insurance coverage thereby facing the risk of incurring large medical expenditures whenever a member of the household falls ill. Therefore, during illness, health care consumption may depend on health insurance status, and the decision to be insured is driven by expected health care costs. [29] Illness disrupts the pattern of household consumption via pressure on household income, and since consumption is a function of income, households need to be insured to be able to smoothen their consumption in the period of illness. [32] The possible impacts of health insurance in evidenced in relevant literature. For instance, Blanchet [34] found that health insurance programme in Ghana increased consumption of medical care by the insured households more than the uninsured households. The study showed that the insured women in Ghana consume more antenatal care than their uninsured counterparts. Also, study by Chou [30] on the effect of national health insurance on saving and consumption in Taiwan showed that health insurance reduces households' savings and in turn increases their consumption. The study showed that younger households are more sensitive to risk reduction associated in health insurance. This result is consistent with the empirical study by Kimball. [33] Carine [31] showed that health insurance had immediate and positiveeffects on three dimensions of health care consumption, namely, the probability of consuming healthcare, the number of consumption condition on consumption and the cost per consumption. One outstanding findings of the study is that health insurance has no relationship with moral hazard in terms of doctor's choice of medication but rather afford households access to trained medical personnel. According to Kai (2013) , introduction of health insurance in China increased households' access to medical care in the event of health shocks. The findings also showed that health insurance increases investment in Agriculture and children's education, this is a form of increase non medical consumption. Notwithstanding, most studies that examined the effect of health insurance on consumption have focused generally on developed countries. [1, 24, 28, 30] The few studies on health insurance consumption nexus in Nigeria focused mainly on medical consumption. Hence, the need for studies on the effect of health insurance on nonmedical consumption in Nigeria.
Similar to other states in the Nigerian federation, health care services in Ekiti state is provided by both orthodox and traditional medical practitioners. In recent years, there has been a conscious effort by Ekiti State Ministry of Health to provide guidelines for the regulation and coordination of traditional medicine practice. However, there are two hundred and eighty three (340) primary health care facilities at the Local Government (LGA) level, i.e., basic health centres, comprehensive health centres, maternity centres/dispensary centres, while the state has 17 secondary health-care centres, 3 specialist health facilities and 2 tertiary health facility. One federal owned tertiary health facility is also located in the state. Furthermore, there exist one hundred and sixty three (142) registered private health facilities and about 7 mission health facilities in the state.
The State Ministry of Health provides the supervisory roles for the organization of health services in the state while also having the obligation for health manpower development and organization and operation of secondary health care. The State through the ministry of health also provides technical assistance to the local governments as regards primary health care and disease control. The Local Government on the other hand manages and implements primary health care activities at the local level and also has the responsibility of funding and coordinating service delivery at grassroots level. However, local governments have performed poorly in the funding and execution of primary health care programmes. This is sometimes hinged on the insincerity of responsible authorities and the lack of clear delineation of roles by the 1999 constitution. Thus, the responsibilities of local governments are sometimes taken over by the state government in order to provide succor to the people.
Notwithstanding of the initiative of the state geared towards improving the health status of the population, health indicators shows that the inequity which is the main bane of many health initiatives still persist. A sizeable proportion still lives below the poverty line while access to qualitative health care services in rural areas is still far from ideal. Many communities are still grappling with the double burden of diseases with infectious diseases in gridlock with non-communicable diseases in a poor environment. Data from the Planning Research and Statistics department of the ministry of health only presents an iceberg view of the true picture as the capacity for community generated data is still not adequate. However, the presently available data gives the Dipheria Pertusis Tetanus 3(DPT3) coverage as 71%, those fully immunized before the age of 12months as 32,881 and women with at least 2 doses of Tetanus toxoid as 38%. [5] This data though not too bad still falls short of expected standard for achieving the millennium development goals. 
Administration and the collection of the Research Instrument
A purposive random sampling was adopted in which health facilities participating in health insurance scheme were selected. However, the process of respondents' selection in each facility was randomly done across all the departments. The departmental heads in the case of teaching and general hospitals, and chief Medical Director in private hospitals and matrons of the hospitals used were approached; their cooperation was solicited in view of the sensitive nature of the procedure. The enumerators through the medical officers and nurses administered the questionnaire to those who visited facility during the survey period while the enumerators explained any part of the questions that appeared ambiguous to the respondents. The nurses in the health facilities and some other hospital's workers were entrusted to ensure the questionnaires were properly filled; they collected the questionnaires on regular basis for onward transfer to the enumerators. The enumerators assisted in supervising the households' respondent and also double-checked the questionnaires for consistency.
Description of Research Instrument
A well-structure questionnaire based on Vietnam Living Standards Survey (VLSS) is designed for this study. The reason for the choice of VLSS was because most of the variables required to proxy items in this study are not captured in Nigeria health living standard survey. It is a 45 items questionnaire containing questions regarding respondent household socio-demographic characteristics, health insurance status and rating, health status, health care expenditures and health care utilization, and household non-medical consumption (See questionnaire). A total of 1500 questionnaires were administered across the state. The survey for the study was conducted using trained enumerators. Facilities used in each local government are teaching hospitals, health centres, general hospitals, and private hospitals with health insurance facilities
Description of Variables
The dependent variable is household health insurance status. This refers to whether household is covered by health insurance or not. The variable is dichotomous. Other dependent variables are expenditure on medical consumption which is proxied by cost of all the medical goods and services consumed during the sick period in the last four weeks, out of pocket health expenditure (OOPHE) is measured by cost of medical care plus cost of nonprescribed medication, special drugs and meals and cost of transportation during the sick period, nonmedical consumption is measured by all expenses on all non-medical goods and services consumed during the sick period. The independent variables are household income during the sick period (YS) measured by income from employment, gifts and others, H is the households' health status which could be excellent, very good, good, fair, poor, or very poor, X are individual's household characteristics that can influence the purchase of health insurance such as the household size, level of education, employment status and marital status. Table 4 shows the variables and their definitions. 
Model Specification
The effect of health insurance on households' nonmedical consumption is estimated using the following linear regression:
Where is the level of dependent variable of households, X a set of control variables at households level, , the error term which control for households unobservable variables affecting the consumption of non-medical goods. This refers to demographic and socioeconomic variables such as household size, household income, gender of the household head, age of the household head, highest level of qualification of the household head, occupation of the household head and the spouse 1 See [9, [35] [36] [37] for evaluation of matching estimator etc. HIS connotes the participation of the treated households in health insurance programme
Method of Estimation
The propensity score matching (PSM) estimation model was employed to assess the impact of health insurance on household non-medical consumption in our study under the assumption that selection into the scheme is based on the observable characteristics alone 1 . The underlying strategy here was to assess the changes in various household consumption spending shares between the insured households (control group) and the uninsured households (treatment group).The major advantage of PSM estimation is that it allows policy evaluation by creating a counter-factual and addressing household adverse selection problem. [4] To compare levels of consumption between participants and non-participants using propensity score matching, we first predict the probability of participating in the scheme using a logit regression. The essence of the logit regression is to get the mean participation. As the determinants of participation in health insurance might not be the same for all households and as our specifications should be balanced 2 , we use different specifications for all the households.
Where HIS is the households' participation in health insurance, Z is a set of control variable and is the error term.
Main steps involved in the Application of Statistical Matching to Impact Evaluation
The main steps that are involved when employing propensity score matching estimation are listed as follows; a) Estimating the propensity score b) Matching the unit using the propensity score c) Assessing the quality of the match d) Estimating the impact. e) Sensitivity analysis
Estimating the Propensity Score (PS)
The propensity score is defined as the conditional probability of receiving a treatment given pretreatment characteristics. [21] This propensity score is estimated in order to indicate the presence (or absence) of the intervention with a number of households characteristics. In this case we estimate logit model to estimate propensity scores for matching purpose. The binary outcome for health insurance participation takes a value of one if the household has health insurance policy and zero otherwise. The propensity scores were computed using binary logit regression models given as:
where, D= {0, 1} is the indicator of introduction to participant characteristics (dependent variable), that is, D=1, if participated and D=0 if not participated, X is the multidimensional vector of observed characteristics.
Matching the Unit Using the Propensity Score
Estimated propensity scores allow construction of comparison groups by matching propensity scores of the households with health insurance and households without health insurance. Once treatment groups are matched with control groups, the difference between the mean outcome of the program treatment and the mean outcome of the matched control groups can be measured. However, when estimating, propensity score matching requires different matching algorithms, but for the purpose of this study, kernel matching is employed.
Kernel Matching
The matching algorithms discussed so far have in common that only a few observations from the comparison group are used to construct the counterfactual outcome of a treated individual. However, in kernel matching every treated observation is matched with all the control observations where the control observations with the closest propensity score to that specific treated observation is assigned the biggest weight; the farther the propensity of the control observation from the specific treatment observation the smaller the weight. A drawback of these methods is that possibly observations are used that are bad matches. However, one major advantage of these approaches is the lower variance which is achieved because more information is used. A drawback of these methods is that possibly observations are used that are bad matches. Therefore, because of the possibility of observing two samples, one from treatment and other from control, with same propensity score in principle is zero, we select the kernel matching to overcome this problem. With kernel matching, all untreated observations are used to estimate the missing counterfactual outcome and greatest weight being given to observations with closer scores.
Moreover, estimation of average treatment effect on the treated (ATT) is sensitive to the sort order of the data if matching is performed without replacement.
Since the weighted average of all samples from control group is used to construct the counterfactual outcome, kernel matching has an advantage of lower variance because more information is used. [9] Hence we decided to estimate ATT using kernel matching technique with a view to analysing the effect of health insurance interventions on households' consumption patterns in Ekiti State.
Assessing the Quality of the Match
In order to get the unbiased estimate of ATT and to assess the matching quality, balancing test is performed which is mainly concerned with the extent to which the difference in the covariates between the treated and control groups have been eliminated so that any difference in outcome variables between the two groups can be inferred as coming solely from the treatment group. There are two ways through which balancing of the covariates can be verified. The t stats of difference in means of covariates in the represents well the set of control variables.
treated and non-treated groups, before and after matching are used to examine the quality of the matching. Before matching, differences between the groups are expected; but after matching, the observed variables should be balanced in both groups and hence no significant differences should be discovered. [3] Estimating the impact analysis
This involves estimating the effect of health insurance on all the outcome variables, i.e., estimating of the average treatment effect on the treated (ATT), average treatment effect on the untreated (ATU) and average treatment effect (ATE).
Average Treatment Effect on the Treated (ATT)
This is the mean effect of an intervention through the mean difference in the outcomes of the matched pairs. Let let M Insured and M Non-insured be the expenditure on medical and non-medical consumption (total consumption) for insured and uninsured households, respectively, and D ϵ {0,1} the indicator of enrollement status. The propensity score is defined by [21] as the conditional probability of participation, given observed characteristics:
where X is the vector of observe variables. Given the propensity score p(X), the Average effect of Treatment on the Treated (ATT) can be estimated as follows:
where D = 1 indicates program participation (treatment) and Χ is a set of household characteristics on which the subjects will be matched. Equation (2) gives the average program impact under the conditional independence assumption (CIA) 3 and overlap assumption 4 . A unique advantage of PSM is that instead of matching subjects on a vector of characteristics, we only need to match on a single item, i.e., the propensity score that measures the probability of participating in the program. 3 Conditional independence assumption means that conditional on x, the outcomes are independence of treatment, i.e., after controlling for X, the assignment of units to treatment is 'as good as random.' This assumption is also known as selection on observables, and it requires that all variables relevant to the probability of receiving treatment may be observed and included in X. This allows the untreated units to be used to construct an unbiased counterfactual for the treatment group.
Average Treatment Effect on the Untreated (ATU)
This is the measure of treatment effect on the untreated. That is, the effect of the intervention on non-participant if he/she has participated.
Where ATE is the effect on the individual drawn at random, Where P(D=1) is the probability that the sample population is with an intervention and P(D=0) is the probability that the sample population is without an intervention. 
Average Treatment Effect (ATE)
This is the average effect of the treatment for an individual drawn at random from the overall population. It is calculated as follows:
Where P(D=1) is the probability that the sample population is with an intervention and P(D=0) is the probability that the sample population is without an intervention. Equation (4) shows the relationship between ATT (average treatment on the treated), ATE (average treatment effect on an individual) and ATU (average treatment on the untreated).
Sensitivity Analysis
Propensity-score matching estimators are not consistent estimators for treatment effects if the assignment to treatment is endogenous, i.e., if unobserved variables that affect the assignment processes are also related to the outcomes. In order to estimate the extent to which such "selection on unobservable" may bias our qualitative and quantitative inferences about the effects of health insurance. Rosenbaum [21] derives bounds on the Hodges-Lehmann point estimate of the treatment effect enabling the researcher to frame the sensitivity analysis in the more common metric of an interval of point estimates rather than in terms of implied significance levels for the estimated treatment effect. To arrive at an interval of plausible point estimates given a specific bias level γ, Rosenbaum defines the Hodges-Lehmann point estimate of the treatment effect. Assuming that the participation probability is given by 4 overlap means that for each x, there are both treatred and control groups i.e. 0<pr(D=1|X|<1. Implies that the probability of receiving treatment for each possible value of the vector X is strictly within the unit interval: as is the probability of not receiving treatment. This assumption of common support ensures that there is sufficient overlap in the characteristics of treated and untreated units to find adequate matches
Where is the observed characteristics for individual , is the unobserved variable and γ is the effect of on the participation decision. If the propensity score matching is free of hidden bias, γ will be zero and the participation probability will exclusively be determined by . However, if there is hidden bias, two individuals with the same observed covariates have differing chances of receiving treatment. Assuming we have a matched pair of individuals and and further assume that fis the logistics distribution. The odds that individuals receive treatment are then given by , and the odds ratio is given by:
If both units have identical observed covariates as implied by the matching procedure the x vector is cancelled out. But still, both individuals differ in their odds of receiving treatment by a factor that involves the parameter and the difference in their unobserved covariates u. So, if there are either no difference in unobserved variables ( = ) or if unobserved variables have no influence on the probability of participating (γ=0), the odds ratio is one, implying the absence of hidden or unobserved selection bias. Thus, the sensitivity analysis now evaluate how inference about the programme effect is altered by changing the values of and − .
Description of Variables
The dependent variable is household health insurance status. This refers to whether household is covered by health insurance or not. The variable is dichotomous. Other dependent variable is nonmedical consumption; this is measured by all expenses on all non-medical goods and services consumed during the sick period. The independent variables are household income during the sick period (YS) measured by income from employment, gifts and others, H is the households' health status which could be excellent, very good, good, fair, poor, or very poor, X are individual's household characteristics that can influence the purchase of health insurance such as the household size, level of education, employment status and marital status. Table 5 shows the variables and their definitions. 
Results
The propensity score is the probability of receiving treatment (in this case, given access to health insurance progamme) conditional on the observed characteristics of the households. The propensity score was estimated with a logit regression model, which has a treatment dummy (that is, those household with health insurance is assigned 1, and those without is assigned 0) as the dependent variable, and a number of covariates as independent variables. Table 6 shows the first stage logistic regression results.
The value of odds for age implies that for a unit increase in age (i.e. one more year of age), the odds 5 of participating in health insurance increase by 0.8%. That is, older a household member becomes the higher the probability of been insured. This is because health deteriorates with age, so, in order to guide against unforeseen huge medical bill, it is expected that a risk averse household takes health insurance coverage against unforeseen medical expenses. Marital status shows that being single increase the odds of insurance participation by 51.12% relative to the married household members. The odds of income show that a unit increase in households' income increases the odds of being health insurance covered by 36.34%. The odds of family size is 0.876, which implies that for a unit increase in the family size, the odd of being insured increase by 12.42%. Gender coefficient shows that having additional female households increase the odds of being insured by 12.42% relative to additional male. The result further shows that being Igbo tribe increases the odd of participating in health insurance programme by 7.31% relative to the Yorubas. Similarly, being Hause, Ebira and other Tribes increase the participation in health insurance programme by 44.21%, 52.72% and 34.60%
respectively.
Furthermore, the coefficient of households head with primary school education shows that for a unit increase in the level of education of households with primary school certificate increases the participation in health insurance programme by 9.70% relative to the households without any formal education. In the same vain, the coefficients of households head with secondary and post-secondary school levels of education show that a unit increase in their levels of education increase the odd of participation in health insurance programme by 81% and 423% relative to households without any formal education. The coefficient of spouse education shows that a unit increase in education of spouse with primary school certificate increase the odd of participating in health insurance programme by 32.96%.
Similarly, a unit increase in education of spouse with secondary school certificate and post-secondary school increases the odd of participation in health insurance programme by 4.34% and 25% respectively. Other variables of note include health status, which shows that for a unit increase in health status of households with "very good" rating category the odds of participation in health insurance programme increase by 15.75% relative to households with excellent rating category. Also, the coefficients of households with "good" and "fair" rating categories show that a unit increase in health increases the odd of participation by 32.24% and 3.63% respectively relative to the excellent rating category. As would be expected, the coefficient of the households in "very poor" shows that for a units increase in their health status, the odds of participation in health insurance increase by 66.58%. This is because households with deteriorating health status might see the need for regular medical consumption. 
Balance Diagnostics
The basic idea behind statistical matching [23] is to recognize in a large pool of potential comparison observations a sufficient number of sample that closely resemble the treated units, i.e. to verify whether the observed group and matched control units have the same characteristics. Table 7 shows after-matching means of the covariates used in the logit regressions for enrolment in health insurance.
In other words, we match each treated units using kernel matching algorithms. Following similar studies [13, 19, 20] the average treatment effect on the treated (ATT) i.e., the difference in the average health expenditure of the observed households and the matched control is the estimator of the impact of health insurance intervention. In general, since almost all the probability values of the covariates after matching is greater than the t-statistics (1%, 5% and 10%), it shows that there is no statistically significant difference between the characteristics of the observed and the control. This means, the two categories are suitable for the analysis. Similarly, following Sianesi [16] , we compare the pseudo R-square for unmatched and matched covariates to examine the quality of matching. Table  8 shows that matched pseudo R-square is much lower (0.064) than unmatched pseudo R-square (0.109). The significant reduction in the Pseudo Rsquare indicates a high quality of the match. In the same vain, likelihood ratio test of the joint significance is also insignificant suggesting that matching quality is good and therefore suitable for the analysis. It is clear from Table 8 that matching has achieved a substantial reduction in the observed mean bias as we can see the reduction in the mean bias from 16.7 when unmatched to 7.8 after matching. To further corroborate the results of the quality of the match in Table 8 , the visual analysis of the density distribution of the propensity score (PS) in Fig. 1 indicates sufficient overlap between the observed and the controls households. 6 The perfect overlap of the untreated and the treated on the horizontal line as depicted in 4.1 shows a high quality of match between the two groups. Table 9 reports the average treatment effects on the treated for non-medical consumption outcome. The ATT is the difference in the mean expenditure on non-medical consumption for households with health insurance. Access to health insurance leads to a statistical increase in the amount expended on nonmedical consumption by the insured households. The mean expense on nonmedical consumption of households with health insurance (treated group) is N6947.03 higher than the households in the control group. To put this in context, the odds of households without health insurance spending on non-medical consumption is N9805.43 lower than the households with health insurance. Intuitively, the result of ATT implies that health insurance increases non-medical consumption by reducing the uncertainty associated with future expense, thereby encouraging households to reduce savings. This is because risk averse households without health insurance coverage and without access to financial institution could set aside a significant proportion of household income for contingencies in health. In addition to that, some items on nonmedical consumption like food, affordable clean housing can also have positive effects on households' health status thereby encouraging household to generate more money. The findings of this paper are consistent with. [28] Their finding suggests that Vietnam health insurance increased nonmedical consumption in Vietnem. This paper also examine the impact of health insurance on sub-aggregates of households nonmedical consumption, these include food consumption and non-food consumption. Food consumption includes expenses on staple food, beverages, fruits, water, oil, meat and eggs. The result also show that food consumption increases with health insurance coverage status. However, the effect was more on nonfood consumption than food consumption. 
Average Treatment Effects on the Untreated (ATU).
The result of the average treatment effects on the untreated is reported in Table 10 . The ATU is the measure of treatment effect on the untreated. That is, the effect of health insurance on non-insured households if they have been insured. Having health insurance would have led N6667.72 increase in the expenditure of the control group if they have been insured. 
NOTE: S.E. does not take into account that the propensity score is estimated
Average Treatment Effects (ATE) Table 11 reports the average treatment effects for non-medical consumption. This is the difference in the mean of expenditure on non-medical consumption for households selected at random from the population sample. Having health insurance leads to N6741.05 increase in the amount expended on non-medical consumption by the households selected at random if they have been insured. In other words, the odds of households without health insurance spending on non-medical consumption is N9805.43 lower than the households with health insurance. 
Robust Check: Sensitivity Analysis
In Table 12 , the value of Gamma is interpreted as the odds of treatment assignment hidden bias. A change in the odds lower/upper bound from significance to non-significance indicates by how much the odds need to change before the statistical significance of the outcome shifts. For instance, in Table 12 , the lower bound estimate changes from non-significant (0.9998) to non-significant (0.9988) when gamma is 1.0 and 1.1 respectively. Therefore since moving from one level of gamma to another level does not show any level of significance, it then means that all the variables employed in this analysis are strong enough to influence the outcome variables without any bias. A study is defined as sensitive if the values of Gamma close to 1 leads to changes in significance compared to those that could be obtained if the study is free of bias. [21] Therefore, based on this result, health insurance participation in Ekiti State is insensitive to other unobservable predictors. And so, the result is robust to only observable characteristics. 
Conclusion
The findings of this paper throw support to the debate that health insurance can improve health care consumption and at the same time expands nonmedical goods. Based on our findings, access to health insurance leads to a statistical increase in the amount expended on non-medical consumption by the insured households. The results support Wagstaff [28] that submitted that health insurance improves health outcome and at the same time expand consumption of non-medical goods through the reduction in financial risk. The use of propensity score matching estimator allows us to reduce the risk of biases due to inappropriate model specification. The reality is that, majority of the households enrolled in social health insurance programme, therefore, insurance was not assigned randomly. The findings of this study suggest that access to food consumption, clean water and affordable hygienic environment reduce episodes of sickness being experienced by the insured households. This accounts for why there is no significant difference between the hospital visits of the insured and the uninsured. This is similar to Shi[38] that reported no significant impact of health insurance on inpatient service utilization. This is especially credible in a country where at the time (1993), a single visit to a public hospital cost on average the equivalent of 20% of a person's annual non-food consumption. [2] Overall, the treatment effects suggest that health insurance coverage might have had some positive impact on several items of household non-medical consumption that may have a beneficial effect on health, particularly food consumption, clean water, and education expenditures, and investment in household durables.
Recommendation
Following the findings from this study and the positive relationships established between health insurance and consumption of non-medical goods in Ekiti State, it is pertinent to provide recommendations for policy makers with the aim of expanding health insurance to more people and improving their access to medical consumption at the same time, enable them to consume non-medical goods in the period of illness. Therefore, given the benefits accrued to the insured households in Ekiti State as a result of health insurance, health insurance should be extended to accommodate more people in Ekiti state especially the state government staffs, local government staffs, the private and the informal sectors of the state with little concern for ex-post moral hazard in health insurance.
